Clinical scores and risk factors to predict patient outcomes: how useful are they?
Clinical scores and risk factors for a prediction of patient outcomes are useful for improving patient care. Famous examples include the response evaluation criteria in solid tumours (RECIST) score for guidance of treatment and the Framingham Risk Score for risk assessment of cardiovascular and related diseases. One great potential of clinical scores is accelerating diagnosis and providing timely treatment. In the case of pregnant women with pre-eclampsia, the result of spot urine protein-to-creatinine ratio test is highly correlated with that of the usual diagnostic criteria-over 300 mg of protein in a 24-hour urine sample. 1 This allows prompt response or follow-up in positive cases and increases management efficiency. In addition, simpler detection methods with similar accuracy can encourage more people to take a test or complement existing tests to reduce errors, as seen with non-invasive prenatal testing after its introduction in Hong Kong in 2011. 2 Risk factors can also be used to estimate the risk of mortality. In a study of Chinese geriatric patients who had received hip fracture operations, Lau et al 3 combined the Charlson Comorbidity Index with score weighting that reflects age to form the total Charlson comorbidity score of patients. The authors found this score to be significantly associated with 30-day and 1-year mortality risk in geriatric patients. 3 With information like this available, patients and health care providers can make better informed decisions. Better information can reassure patients and their families, and relieve their usual fear and stress in response to the uncertainty of undergoing surgery with co-morbidities. In addition, practitioners can quickly identify higher-risk patients and take these risks into consideration when providing treatment and follow-ups. Furthermore, managers can utilise clinical scores to perform needs assessments and to plan for resource allocation. For example, a scale for predicting length of hospital stay after primary total knee replacement based on the risk factors was verified in Hong Kong in 2017, 4 but its value reaches beyond just estimating the length of stay. The predictive factors also provide information on how the quality of health care can be improved if the factors are non-biological and controllable, such as urinary catheterisation in this case.
Further analysing the health outcomes of found no significant difference in survival or qualityadjusted life years among 538 patients who received optimal supportive care only or additional wholebrain radiation therapy, suggesting the presence of very heterogeneous tumour behaviour. In contrast, a study of frameless stereotactic radiosurgery found that prognostic scoring identified patients who would benefit more from the treatment. 6 In the current development direction of personalised care, clinical scores could be used to enhance informed clinical decision making or as a transitional alternative for precision medicine.
A useful clinical prediction instrument not only helps improving patient care, but also reduces wasting health care resources owing to misdiagnosis. In the current issue of the Hong Kong Medical Journal, Cheung et al 7 have validated and refined the existing Ottawa subarachnoid haemorrhage (SAH) rule to improve its sensitivity for SAH diagnosis. The results of that study indicate the sensitivity of Ottawa SAH rule can be increased to 100% by adding two more predictors-vomiting and SBP >160 mm Hg-while retaining a specificity of 13.1%. The authors conclude that unnecessary costs (ie, 11.8% of computed tomographic scans in this study population) can likely be reduced.
Some caution is warranted when interpreting the performance of a clinical prediction instrument, and therefore its usefulness. Missing values are a common limitation for developing a clinical prediction rule, as acknowledged by Cheung et al. 7 Some patients might be positive for certain symptoms but be misclassified as negative due to missing values. Differential misclassification can cause the odds ratios of predictors (the symptoms) to be biased away from the null hypothesis, jeopardising the validity of symptoms found to be associated or not associated with a disease. 8 Caution is also needed when applying performance Editorial metrics to a clinical prediction instrument. For example, 'accuracy' is a specific measure of ability of a predictive test in identifying cases from noncases; one measure of accuracy involves dividing the sum of true positive and true negative results by the total population size. Using the study from Cheung et al 7 as an example, the prediction accuracy of the original Ottawa SAH rule was 39% (ie, [47+148]/500) which is higher than that of the modified Ottawa SAH rule (ie, [50+59]/500=21.8%). Thus, assessing the prediction performance based on multiple metrics are essential for judging the usefulness of a prediction rule. Last but not least, a useful clinical prediction tool should be subject to external validation, ie, with independent cohorts and data that have not been used in the model development. 9 This validation process is able to help examine the heterogeneousness of the model predictions, ie, whether it is reliable or accurate enough to be used in a wider population. Most proposed prediction models in the literature involve only internal validations; relatively few models have been through external validations, primarily because of a lack of data. 10 Future development and evaluations of clinical scores and risk factors should take such factors into consideration, and proposed models should be followed up with external validation. Under this framework, we anticipate that research and development on clinical scores and risk factors will be more useful in real-world settings. This may have an positive effect on patient care and clinical outcomes, such as patient survival and quality of life.
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